In this paper, we present our initial experiments to collect a database for studying mobile robot olfaction. Mobile robots with olfactory sensing capabilities are expected to be used in various applications including gas distribution mapping and gas source localization. Owing to the turbulent nature of the airflow field and the gas distribution, these robots must be equipped with algorithms that can cope with chaotic environments. Since it is important to check the applicability of such algorithms in a diversity of environments, we propose to build a database with which the users can test the performances of their own algorithms in various environments. The database collected so far consists of two parts: a basic data set collected in a well-characterized controlled indoor environment and applied data sets collected in uncontrolled indoor and outdoor environments. A result of applying the database for testing a gas-source localization algorithm are shown as an example. We believe that such database will accelerate the research advancements on mobile robot olfaction.
INTRODUCTION
Olfaction has long been an ignored sensor modality in robotics. There is no doubt that we rely more on vision and audition than on olfaction. On the analogy of human behavior, vision and audition were thought to be the most indispensable sources of information for autonomous robots. Moreover, the first commercial gas sensor appeared in 1968 from Figaro Engineering Inc. long after television camera tubes and microphones. Robotics researchers were thus not familiar with gas sensing technologies available at their hands.
Over the last two decades, however, integrating artificial olfaction into mobile robots has become a growing topic in robotics. The two main tasks expected of those robots having gas-sensing capabilities are gas distribution mapping and gas source localization [1] . Consider a leak of toxic gas in a factory for example. An autonomous mobile robot equipped with gas sensors can go into the contaminated area and collect the data on gas distribution. The obtained map can be used to determine the area in which human workers can safely work to fix the leak. The first thing to do for the workers is to find the location of the leak. Therefore, the repair work is facilitated if the robot can autonomously find the leak location.
However, neither gas distribution mapping nor gas source localization is an easy task for a mobile robot. Diffusion of gas molecules into air is generally an extremely slow process. In most indoor and outdoor environments, the velocity of airflow dominates the slow diffusion rate. Therefore, a chemical substance released from its source is carried by the airflow and forms a plume in the downwind direction [2] . Since the airflow we encounter is almost always turbulent, the number of eddies contained in the turbulent flow stretch and twist the plume. Therefore, the plume comes to have a patchy meandering structure, and the gas concentration measured with a gas sensor shows significant fluctuations. To build a reliable map from highly fluctuating signals or to track a randomly meandering plume up to the source is not a trivial task.
For this reason, the robots were so far tested mostly in simplified environments. In a steady and uniform airflow field, a gas plume with a well-defined shape is formed. Even in such simplified environments, airflow is often still turbulent. Manageable but not-too-easy test fields were thus prepared for the robots. Successful demonstrations on gas source localization were mostly given in wind tunnels [3] , [4] or by placing electric fans in rooms [5] , [6] . In some cases, air-conditioning systems create sufficiently stable airflow fields and provide easy-to-use test fields for the robots [7] , [8] . Only recently, the researchers started to apply the robots to gas distribution mapping and/or gas source localization in uncontrolled environments [9] - [11] . In some cases, obstacles were placed in the environments [12] , but most of the experiments reported so far were conducted in small indoor environments with no obstacle. Typically, the robots were challenged to find gas sources from the distances of a few meters [1] .
In real-life applications, the robots equipped with gas sensors must be able to accomplish gas distribution mapping and/or gas source localization in much lager environments, e.g., corridors in office buildings, airports, and possibly outdoor fields. Those environments could be cluttered with obstacles. The hardware setups and software algorithms of the robots must be tested in variety of environments. However, doing experiments on mobile robot olfaction is extremely time-consuming and technically difficult to implement. The gas distribution in a given environment is mainly determined by the airflow field, which is, in most cases, not known in advance. Therefore, we usually perform thorough measurements of the airflow field and the gas distribution before trying gas distribution mapping or gas source localization trials in a new environment. However, one of the main difficulties is to achieve the repeatability of the experiment. Consider the circulating airflow field generated by natural convection in a closed room as an example. The temperature distribution in the room is affected by the temperature outside of the building. Therefore, the velocity of the airflow changes with the weather condition.
In this paper, we report on our initial experiments to collect a database for studying mobile robot olfaction. In the field of computer graphics, standard test images have long been available for testing the performances of newly developed image processing algorithms. Robotics community also appreciates such standardized database. Every new SLAM (simultaneous localization and mapping) algorithm can be for example tested in significantly different environments using the databases described in [13] and [14] . We believe that such database will facilitate the research advances on mobile robot olfaction toward real-life applications. By using such database, researchers can test their own gas distribution mapping and gas source localization algorithms in a variety of environments with minimal efforts. The database we have collected so far consists of two parts: basic and applied data sets. The basic data set was collected in a well-characterized controlled indoor environment. The applied data sets were collected in uncontrolled indoor and outdoor environments. In the following sections, we describe the experimental setups for data collection and some examples of the collected data. The result of applying a model-based gas source localization algorithm to the collected data is also presented to show the usefulness of the database.
EXPERIMENTAL SETUP
The mobile robot used in our experiments is shown in Fig. 1 . The basic setup of the robot is similar to that reported in our previous paper [15] although a smaller robot base (Pioneer P3-DX, MobileRobots) is used this time to obtain better maneuverability. The software of the robot is based on the Player robot server [16] . For autonomous exploration in the given environments, the robot is equipped with a laser range scanner (LMS200, SICK). In the experiments, the robot was programmed to collect sensor data while tracing a pre-determined path. For this purpose, the robot uses adaptive Monte Carlo localization (amcl driver), VFH+ obstacle avoidance (vfh driver) and the wavefront path planner (wavefront driver).
Several types of gas sensing devices were mounted on the robot. In all experiments, the robot was equipped with at least three metal-oxide semiconductor gas sensors (TGS2620, Figaro Engineering). In some experiments, the robot was equipped with two "electronic noses" (e-noses) and a photoionization gas detector (ppbRAE 3000, RAE Systems). Each e-nose comprises of several different types of metal oxide gas sensors to provide gas discrimination ability for the robot. Slightly different selectivities of the gas sensors yield a response pattern unique to a specific gas species [17] . The photoionization gas detector shows quick response to a wide range of gases, and provides calibrated precise readings of the gas concentration. The responses of the metal-oxide gas sensors are slower and not calibrated, but enables selective gas detection. The robot is also equipped with a two-dimensional ultrasonic anemometer (WindSonic, Gill). The device can measure the airflow velocity from 0 m/s to 60 m/s with 1 cm/s resolution. Therefore, the robot can be used to collect data on both weak natural convection in indoor environments and strong airflow fields in outdoor environments.
BASIC DATA SET
The basic data set was collected in a closed room shown in Fig. 2 . As shown in Fig. 3 , arrays of DC fans were placed on the floor and one of the walls. A circulating airflow field mimicking the natural convection can be reproducibly generated using the DC fans. The airflow velocity near the floor was approximately 15 cm/s, and was almost uniform over the entire floor. Ethanol and Fig.1 Mobile robot used to collect a database. Fig.2 Controlled indoor environment.
2-propanol vapors were used as detection targets, and were released from a tube placed on the floor at a constant flow rate (200 ml/min). In this set of experiments, the robot was fully equipped with all sensors including two e-noses and the photoionization detector. The first e-nose comprises of a range of metal-oxide gas sensors from Figaro Engineering (TGS2600, TGS2611, TGS2620, and TGS2602). The second e-nose comprises of a range of metal-oxide sensors from e2v technologies (MiCS-2610, MiCS-2710, MiCS-5121, MiCS-5135, and MiCS-5521). The robot was programmed to move along the spiral path shown in Fig.  3 . The robot was also programmed to stop at specified measurement points for data collection. At each measurement point, the sensor data were recorded for 30 seconds. So far, the sensor data of six trials were collected. In three trials, ethanol vapor was used as the detection target. 2-propanol vapor was used in the rest of the trials. The responses of gas sensors in a trial of ethanol vapor detection are shown in Fig. 4 . The sensor response is defined as the ratio of the sensor resistance in gas (R s ) and that in air (R a ). As the gas concentration increases, the resistance of the metal-oxide gas sensor decreases, and therefore, the value of the sensor response (R s / R a ) also decreases. In Fig. 4 , the responses of four selected sensors are shown. Each sensor has slightly different sensitivity to ethanol vapor. Future work will be addressed to the recognition of the sensor response pattern to attain selective detection of ethanol and 2-propanol. Fig. 5 shows the gas distribution map obtained from the response of TGS2620 sensor shown in Fig. 4 . In this trial, Fig.3 Setup of the experiments in the controlled indoor environment. Fig.4 Responses of gas sensors measured in the controlled indoor environment. R s and R a are the sensor resistance in gas and that in air, respectively. all DC fans were turned off. An extremely weak circulating airflow field (1-3 cm/s) was formed in the room by natural convection. Even such weak airflow has significant impact on the gas distribution. The gas plume trailing toward left from the gas source can be clearly seen in Fig. 5 , and its direction corresponds to the direction of the circulating airflow.
APPLIED DATA SETS
The first applied data set was collected in a large meeting room (14 m by 6 m). All desks and chairs were put aside as shown in Fig. 6 . In this set of experiments, the robot was equipped with three metal-oxide gas sensors (TGS2620). The three sensors were aligned with 17 cm spacing on top of the laser scanner. The robot was programmed to collect sensor data by moving along either a spiral path or a vertical scanning path as shown in Fig. 7 . The robot followed the path in one direction, and then, came back by tracing the same path. At each measurement point, the robot stopped for 30 seconds. The data of six trials were collected so far in this meeting room. In most of the trials, the windows were kept closed and the air-conditioning system was turned on. However, the window was opened in one trail, and the air-conditioner was turned off in some of the trials. The typical gas sensor responses are shown in Fig. 8 . In this trial, the widows were closed and the air-conditioner was turned off. A glass dish filled with liquid ethanol was used as the detection target. As the time passes, the evaporated ethanol vapor was gradually accumulated in the room, and therefore, the baselines of the gas sensor responses showed gradual decrease. Fig. 9 shows the measured gas distribution and airflow field. The airflow field in this meeting room was not uniform. Therefore, the ethanol vapor was spread widely in the room. Nevertheless, its distribution was mostly confined in the lower left side from the gas source. The second applied data set was collected in an outdoor tennis court as shown in Fig. 10 . Three TGS2620 sensors were again aligned with 17 cm spacing on top of the laser scanner. The robot was programmed to collect sensor data by moving along either a horizontal or vertical path set in 10 m by 10 m area (Fig. 11) . At each measurement point, the robot stopped for 10 seconds. The sensor data of five trials were collected so far in this outdoor environment. An example of the gas sensor responses is shown in Fig.  12 . The glass dish filled with liquid ethanol was used as the detection target. The turbulent intensity of the airflow in the outdoor environment was much higher than those in the other indoor environments. Since the ethanol vapor was quickly diluted in this outdoor environment, the sensor responses became more sporadic compared to those shown in Fig. 8 . Fig. 13 shows the gas distribution map obtained from the response of the center gas sensor shown in Fig. 12 . The direction of the measured airflow vectors appeared quite random, but still there seemed to be a trend toward the upper right corner of the graph. Therefore, higher concentration values were mostly observed in this region. Fig. 14 shows the result of applying our model-based gas-source localization algorithm to the obtained data. The algorithm provides a map showing the probability grade of the estimated gas source location by assuming the model shape for the plume formed in the turbulent airflow field. More details of the algorithm can be found in [18] and [19] . Only the data recorded at the upper half of Fig. 13 were provided to the algorithm. As shown in Fig. 13 , the maximum concentration was observed not at the point closest to the gas source location. Nevertheless, the gas source location was successfully estimated in Fig. 14.
CONCLUSIONS
In this paper, we report on collection of database for the research on mobile robot olfaction. The data on gas sensor responses and anemometer readings were collected in three distinctively different environments, i.e., a controlled small room, a large uncontrolled room, and an outdoor field. We are continuing our efforts on data collection and planning to explore more variety of environments. The obtained data will become available from our web server in near future. We hope that our database will become a valuable tool for the researchers working on mobile robot olfaction. This work was supported by Japan Society for the Promotion of Science under Grant-in-Aid for Scientific Research (B), No. 21360113.
